Previous studies have highlighted the occurrence and intensity of El Niño-Southern Oscillation as important drivers of the interannual variability of the atmospheric CO 2 growth rate, but the underlying biogeophysical mechanisms governing such connections remain unclear. Here we show a strong and persistent coupling (r 2 ≈ 0.50) between interannual variations of the CO 2 growth rate and tropical land-surface air temperature during 1959 to 2011, with a 1°C tropical temperature anomaly leading to a 3.5 ± 0.6 Petagrams of carbon per year (PgC/y) CO 2 growth-rate anomaly on average. Analysis of simulation results from Dynamic Global Vegetation Models suggests that this temperature-CO 2 coupling is contributed mainly by the additive responses of heterotrophic respiration (Rh) and net primary production (NPP) to temperature variations in tropical ecosystems. However, we find a weaker and less consistent (r 2 ≈ 0.25) interannual coupling between CO 2 growth rate and tropical land precipitation than diagnosed from the Dynamic Global Vegetation Models, likely resulting from the subtractive responses of tropical Rh and NPP to precipitation anomalies that partly offset each other in the net ecosystem exchange (i. e., net ecosystem exchange ≈ Rh − NPP). Variations in other climate variables (e.g., large-scale cloudiness) and natural disturbances (e.g., volcanic eruptions) may induce transient reductions in the temperature-CO 2 coupling, but the relationship is robust during the past 50 y and shows full recovery within a few years after any such major variability event. Therefore, it provides an important diagnostic tool for improved understanding of the contemporary and future global carbon cycle.
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climate-carbon cycle coupling | tropical land surface temperature | global dynamic vegetation model S ignificant statistical relationships have been reported between interannual variations in the atmospheric CO 2 growth rate and global temperatures (1) (2) (3) (4) , precipitation (5) , and El Niño-Southern Oscillation (ENSO) (2, (6) (7) (8) . However, because the variability of the CO 2 growth rate is governed by many interacting processes of the coupled climate-carbon cycle system, interpreting the biogeophysical mechanisms underlying these statistical relationships remains a difficult task. For instance, studies on the lagged negative correlations (r ≈ −0.4) between CO 2 growth rate and global temperature (3, 9) attributed such lagged couplings to delayed vegetation responses to temperature in the northern mid-to high (40°N to 60°N) latitudes, but studies on ENSO-CO 2 correlations (jrj ≈ 0.5) (7, 10) suggested that these largely synchronous couplings are contributed from the responses of tropical ecosystems to concurrent climate variations. Early studies (2, 6) tended to focus on ENSO's impacts on oceanic carbon fluxes, whereas later analyses on isotope data (11, 12) and atmospheric inversion results (13) (14) (15) (16) showed that terrestrial ecosystems have larger controls on CO 2 growth-rate variability. Process-based global terrestrial ecosystem models have been used to address this question (e.g., refs. 7, 17, 18) . Driven with observed climate, several model simulations suggested that the interannual variability of CO 2 growth rate is mainly influenced by precipitation-regulated variations of tropical net ecosystem exchange (NEE) (7, 17) . However, the sensitivity of modeled NEE to precipitation variations needs to be verified with independent observations (19, 20) . After all, model simulated global NEE can only explain ∼25% (r 2 ≈ 0.25) of the interannual variance of CO 2 growth rate (7, 17) , not significantly better than the explanation power of ENSO indices.
In this study, by using up-to-date atmospheric CO 2 and landsurface climate observations, we present rigorous correlation analysis in support of ENSO's direct (i.e., with response times of a few months) regulation on the CO 2 growth-rate variability via its impacts on tropical (24°S to 24°N) NEE (2, 7, 8) . Importantly, this ENSO forcing appears to be exerted mainly through tropical temperature rather than precipitation. Our analysis also confirms previous findings (3, 9) that land surface temperatures in the tropics or other latitudes are negatively correlated with the CO 2 growth rate at response time lags of ∼1.5 y. However, these delayed negative correlations are weaker than the direct positive coupling between tropical temperatures and the CO 2 growth rate, and are secondary in explaining the atmospheric CO 2 variability. Because correlations do not necessarily imply causality, we carefully examine the biogeophysical processes that plausibly underpin the identified coupling between tropical temperature and the atmospheric CO 2 growth rate.
Data and Methods
We compiled monthly atmospheric CO 2 concentration data between 1959 and 2011 from the National Oceanic and Atmospheric Administration Earth System Research Laboratory (ESRL) (2, 21, 22) and two sets of long-term climate data from three main sources, including global surface temperature (23) from National Aeronautics and Space Administration Goddard Institute for Space Studies, temperature and precipitation from the Climatic Research Unit-National Centers for Environmental Prediction (CRU-NCEP) climate dataset (18) , and precipitation records from the Global Precipitation Climatology Project (24) . Monthly CO 2 growth rate is first calculated as the first-order difference of atmospheric CO 2 concentrations between two Author contributions: W.W., P.C., and R.R.N. designed research; W.W. performed research; W.W., H.H., and C.M. analyzed data; and W.W., P.C., R.R.N., J.G.C., S.P., S.S., M.A.W., H.H., C.M., and R.B.M. wrote the paper.
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This article is a PNAS Direct Submission. successive months. The long-term (50-y) mean seasonal cycle is then removed from the data before a 12-mo moving sum is applied to the data series to convert the monthly values into annual CO 2 growth rates. The annual CO 2 growth rate data are smoothed by multimonth running averages, and their long-term trend is removed by using a simple linear regression. Because CO 2 growth rates calculated from the Mauna Loa data and those of the global network (1980-2011) (22) are highly consistent over the common period of 1980 to 2011, we combined the two data sources into one time series following the approach in ref. 18 . Monthly tropical temperature and precipitation time series are aggregated over vegetated land surface area between latitudes 24°N and 24°S based on a land-cover map (25) . Similar to the processing of CO 2 data series, 12-mo running averages are used to aggregate the monthly climate anomalies to annual values. We detrended the temperature and precipitation anomalies by linear regressions with a multiyear moving window. Detrending the data by alternative approaches did not qualitatively change the results discussed in the paper. Other datasets used in this study include the Multivariate ENSO Index (MEI) (26) and the Global Fire Emissions Database Version 3 (available from 1997 onward) (27) .
We conducted correlation analysis by using time series of CO 2 growth rate and climate anomalies following the standard procedures (28) . Because there are serial correlations in the time series induced by the smoothing of the data, we test the statistical significance of the correlation coefficients by Monte Carlo experiments to ensure the rigor of the statistical analysis. We also verify the significance tests by subsampling monthly data to annual time steps to remove the serial correlations (29) . Both methods render consistent test results in our analysis. Fig. 2 shows the lagged correlations between the detrended CO 2 growth rate and tropical (24°S to 24°N) land-based climate variables. The strongest coupling (r ≈ 0.7, P < 0.0001) is found between the CO 2 growth rate and the concurrent tropical land temperature (Fig. 2) , the latter alone explaining ∼50% (i.e., r 2 ≈ 0.50) of the variance of the former. Regression analysis of the two variables further indicates that a 1°C temperature anomaly leads to a CO 2 growth rate anomaly of 3.5 ± 0.6 PgC/y (Petagrams, or 10 15 grams of carbon per year), with the SD (σ) of the temperature-related CO 2 growth rate variations being ∼0.7 PgC/y (Fig. 1) . In comparison, the correlations of the CO 2 growth rate with the MEI or with the (reversed) tropical precipitation anomalies peak at r ∼ 0.5 with a time lag of ∼6 mo ( Fig. 2 ; positive lags here and throughout the manuscript indicate that climate variables lead CO 2 ). MEI or tropical precipitation explains only ∼25% (i.e., r 2 ≈ 0.25) of the variance of the CO 2 growth rate, matching half of the corresponding explanatory power of tropical temperature. The correlations of the CO 2 growth rate with MEI or tropical precipitation become statistically insignificant when the time lag further increases to 1 to 2 y, whereas those with temperature in the tropics or other latitudes change to significant negative values (r ≈ −0.4; Fig. 2 ).
Results and Discussion
The positive coupling between the CO 2 growth rate and concurrent tropical land temperature was previously reported (4) and confirmed in this study. The negative correlations between the CO 2 growth rate and the lagged global temperatures were studied previously (3) and mainly attributed to delayed vegetation responses to temperature variations in the northern mid-to high latitudes (9) . However, these lagged negative correlations are significantly weaker than the concurrent positive temperature-CO 2 coupling (Fig. 2) (4) . Partial-correlation analysis also indicates that the lagged temperature (or MEI and tropical precipitation) anomalies are secondary to the concurrent tropical temperature in explaining the interannual variations of the CO 2 growth rate during the past 50 y (Fig. S1 ). In addition, whereas the lagged negative correlations seem to be contributed by temperatures in all latitudes (Fig. 2) , the concurrent positive temperature-CO 2 coupling has a clear spatial predominance in the tropics (Fig. 2 and Fig. S2 ) and is directly associated with the influence of ENSO (as detailed later).
The fact that the CO 2 growth rate is more strongly coupled with tropical land temperature than with MEI or tropical land precipitation requires particular attention. Variations of tropical temperature and precipitation are usually driven by ENSO events and are therefore highly correlated with MEI as well as with each other (jrj ≈ 0.7; Fig. 1 ). Because zonal shifts of tropical precipitation patterns respond more rapidly to ENSO developments than tropic-wide air temperature anomalies (30, 31) , there is no apparent time lag between MEI and the land-based precipitation, and both lead temperature anomalies by ∼5 mo (Fig.  1) . Despite the time lags, the covarying relationships among these climate fields make it difficult to disentangle their individual influence on the atmospheric CO 2 growth rate (Fig. S3) . However, these covarying relationships were lost during 1991 to 1994, when tropical temperature and precipitation anomalies were both much lower than would be expected from their normal couplings with ENSO and deviated from their usual negative correlation with each other (Fig. 1) . These unusual climate anomalies were induced by the major volcanic eruption of Mount Pinatubo in June 1991, which injected large amounts of aerosols into the stratosphere to reduce incident solar energy (30, 32, 33) . The period from 1991 to 1994 was also a period when MEI and tropical precipitation variations were decoupled from those of the CO 2 growth rate (r = 0.0-0.2; Fig. S3 ). During this period, the anomalies of tropical precipitation and the CO 2 growth rate varied in the opposite direction from their normal coupling (Fig. 1) , complicating their explanation through the same relationship (as discussed later). In contrast, the corresponding temperature-CO 2 coupling, although weakened, remained within its normal level and statistically significant (P < 0.05; Fig. S3 ).
Global CO 2 fluxes from land-use changes and fossil fuel emissions have relatively small interannual variability (σ = 0.1-0.3 PgC/y) (18), accounting for 10% of the variance (σ 2 ) of the CO 2 growth rate (σ = 1.0 PgC/y; Fig. 1) . Estimates of the interannual variability (σ) of global ocean CO 2 uptake are in the range of 0.2 to 0.5 PgC/y (14, 34, 35); however, ocean carbon processes operate to absorb, rather than release, extra CO 2 during El Niño years (35) (36) (37) , which is different from the identified coupling between atmospheric CO 2 growth rate and MEI or the associated tropical climate anomalies. Emissions from wildfires can occasionally exceed 0.5 PgC/y during extreme years [e.g., the Indonesian peat-forest burning in 1997 and 1998 (38) ], but their overall variability is low (σ = 0.26 PgC/y), at least during the period of the GFED dataset since 1997 (Fig. S4) (27) . Therefore, it is generally believed that variations in global NEEprimarily the difference between heterotrophic respiration (Rh) and net primary production (NPP)-are mainly responsible for the interannual variability of the CO 2 growth rate (14, 18, 39) . Satellite data-driven and ground observation-based estimates indicate that ∼60% of global NPP and Rh are distributed in the tropics (40) (41) (42) (43) . Atmospheric inversion experiments (16, 44 ) and global vegetation model simulations (17, 18) also suggest that more than 60% of the interannual variance of global NEE originates from tropical land ecosystems (Fig. S5) , consistent with the correlation analyses shown in Figs. 1 and 2 .
However, the observation that tropical land temperature is a better predictor than precipitation in explaining tropical NEE (and the CO 2 growth rate) variability (Figs. 1 and 2) is not fully reproduced by the analyzed DGVM simulations (17) . Rather, the interannual variability of tropical NEE in these models is dominated by the NPP component ( Fig. S5 and Table S1), with the latter (i.e., NPP) being regulated mainly by tropical precipitation anomalies. The DGVM-simulated tropical NEE (and NPP) variations have a magnitude (σ = 1.0 PgC/y; Table S1 ) Fig. 2 . Lagged correlations between interannual variations of the atmospheric CO 2 growth rate and tropical (24°S to 24°N) climate variables, including land surface temperature, land precipitation (reversed in sign), and the MEI. Positive time lags indicate that the climate variables lead the CO 2 growth rate. To facilitate comparisons with the findings of previous studies (3, 9) , also shown here are the lagged correlations of CO 2 growth rate with land temperatures in northern latitudes (30°N to 70°N), southern latitudes (70°S to 30°S), and over the globe (90°S to 90°N). A time window of 42 y is applied to the time series so they have the same data length and the correlations have the same degrees of freedom. All the land-based climate variables are aggregated only over vegetated areas. The critical values for the correlations at 95% significance levels (i.e., P < 0.05) are estimated through two independent methods including Monte Carlo experiments with 10,000 samples (Data and Methods).
directly comparable with the magnitude of the CO 2 growth rate (σ = 1.0 PgC/y; Fig. 1) . However, the simulated tropical (and global) NEE anomalies are only moderately correlated with the CO 2 growth rate anomalies (r = 0.4-0.5; Table S2 ), explaining 25% (r 2 ≈ 0.25) of the variance of the latter. These discrepancies suggest that the analyzed DGVMs may have a common bias to overestimate the sensitivity of tropical NEE (and NPP) to precipitation.
To diagnose which bias in the DGVM formulations (or settings) produces their oversensitivity to precipitation would require detailed factorial simulations or response-function comparisons to idealized temperature and precipitation anomalies, which is beyond the scope of this study. Instead, we empirically determine a linear combination of the DGVMsimulated tropical NPP and Rh that best explains the observed variations of the CO 2 growth rate. We find that, by reducing the simulated tropical NPP variability to the magnitude of the simulated Rh variability (σ = 0.4-0.5 PgC/y; Table S1 ), we not only reduce the SD of the simulated tropical NEE anomalies to 0.7 PgC/y (Fig. 3) so that it is more consistent with the magnitude inferred from the coupling between tropical temperature and the CO 2 growth rate (Fig. 1) , but also significantly improve the correlation (r) between the simulated NEE and the observed CO 2 growth rate from 0.5 to 0.7 ( Fig. 3 and Table S2 ). The mechanism for this correlation improvement is illustrated in Fig. 3 . Because tropical NPP and Rh are both positively regulated by precipitation (40, 45) , their responses to precipitation variations are subtractive and partly offset each other in controlling tropical NEE anomalies. In contrast, tropical temperature regulates NPP and Rh in opposite directions [e.g., warmer anomalies in the tropics increase Rh and decrease NPP (4, 46, 47) ], and such additive responses amplify the influence of tropical temperature on NEE (Fig. 3) .
The finding that the analyzed DGVMs tend to overestimate the response of tropical NEE to precipitation variations questions their suitability for future carbon-cycle projections (48, 49) . Some of the climatic events linked to such concerns are the severe droughts experienced by the Amazon basin in 2005 and 2010, which reportedly reduced tropical forest NPP by 1.6 to 2.2 PgC/y and increased tree mortality (50, 51) . However, commensurate positive CO 2 growth-rate anomalies were not observed during 2005 or 2010-indeed, the responses of the CO 2 growth rate to the 2005 and the 2010 Amazon droughts were small compared with other ENSO-related droughts in the past 50 y (Fig. 1) . Assuming that the large reductions of tropical NPP reported previously (50, 51) are realistic, the absence of marked variations of the global CO 2 growth rate after the 2005 and 2010 Amazon droughts may imply that the drought conditions also coincidently reduced tropical Rh along with NPP, resulting in (relatively) small NEE anomalies.
We further diagnose the impacts of climate extremes on the tropical carbon cycle by examining how the CO 2 growth rate deviates from the expected value predicted through a linear statistical model of CO 2 growth rate vs. tropical temperature anomalies. These deviations define a residual anomalous carbon flux (σ = 0.7 PgC/y, corresponding to the 50% unexplained interannual variance of the CO 2 growth rate; Fig. 4 ) that accounts Tables S1 and S2 ]. The orange lines show the corresponding carbon fluxes estimated through linear regressions using concurrent tropical land-surface air temperature and land-based precipitation as the explanatory variables, which respectively capture 79%, 55%, and 83% of the variance of the model-simulated NPP, Rh, and NEE (green lines) by the r 2 statistics of the regression analyses. The orange and the blue shading, plotted as one stacking on another, indicate the individual contributions from temperature and precipitation to the estimated fluxes. As shown, tropical temperature and precipitation significantly (P < 0.001) contribute to the variability of NPP and Rh (Top and Middle). However, because precipitation positively regulates tropical NPP and Rh, its net effects on tropical NEE are weakened and statistically insignificant, such that the blue shading becomes indiscernible (Lower). In contrast, temperature regulates tropical NPP and Rh differently in sign so that its net effects on NEE (orange shading, Bottom) are strengthened.
for variations of NPP and Rh responding to climate drivers other than those represented by tropical temperature and variations in other carbon fluxes (e.g., fossil fuel emissions, wildfires variability). The estimated residual anomalies are robust in that they do not qualitatively change when either tropical land precipitation or MEI is included in the regression. For reasons discussed earlier, no significant residual-carbon-flux anomalies were observed following the 2005 Amazon drought in three consecutive years, or following the 2010 Amazon drought to the present (Fig. 4) . A large positive anomaly (1.2 PgC/y) was seen after 2008, but it quickly switches to be negative in 2009 (−1.5 PgC/y; Fig. 4 ). The latter is too large to be explained by the 1.3% decrease (0.11 PgC/y) of fossil fuel emissions during the 2008 to 2009 global economic crisis (52) , but most likely reflects the natural variability of the global carbon cycle induced by drivers other than tropical temperature or precipitation (as described later).
The most outstanding feature of Fig. 4 concerns the significant negative residual-carbon-flux anomalies (−1.7 PgC/y) during 1990 to 1994, which indicate an enhanced terrestrial carbon sink not explained by tropical land temperature and coincide with the decrease in the temperature's decadal correlations with the CO 2 growth rate (Fig. S3) . Previous studies attributed these anomalies to reduced Rh (2, 33) and/or increased NPP in the northern hemisphere, the latter perhaps promoted by a transient increase in the diffuse fraction of solar radiation after the eruption of Mount Pinatubo in June 1991 (53) (54) (55) . However, such mechanisms alone cannot fully explain the temporal evolution of the residual carbon flux anomalies, in which the switch to the extra sink started in mid-1989, approximately 2 y before the Pinatubo eruption (Fig. 4) and amid a period of greater than normal warmth (Fig. 1) . We also do not see a similar extra carbon sink, but rather an extra source not explained by tropical temperature, in the residual carbon flux anomalies following the eruption of El Chichón in April 1982 (Fig. 4) . Therefore, the extra carbon sink of 1990 to 1994 was most likely induced by multiple factors that concurred during that time (56) . For instance, the shift of the residual carbon anomalies from an extra source in 1983 to 1989 to an extra sink in 1990 to 1994 may be more coherently explained by taking into account the increases in tropical (and global) NPP that were favored by the widespread declines in cloud cover over light-limited tropical rainforests in late-1980s and through 1990s (40, (57) (58) (59) . Finally, we would like to point out that, if we calculate the residual carbon flux anomalies solely from the statistical coupling between the CO 2 growth rate and the tropical land-based precipitation, the estimated extra carbon sink for 1990 to 1994 will be significantly larger (3.1-3.8 PgC/y in absolute values; Fig. S6 ) than discussed earlier, and therefore more difficult to explain by the previously proposed biogeophysical mechanisms. This discrepancy imposes additional questions on the sensitivity of tropical ecosystems to precipitation variations at interannual time scales (19, 20, 49) .
In summary, the strong and robust coupling between interannual variations of the atmospheric CO 2 growth rate and concurrent tropical temperature during the past 50 y provides a key diagnostic for our understanding of the global carbon cycle. This coupling cannot be justified by the delayed responses of mid-to high-latitude ecosystems to global temperature variations, nor may it be interpreted as an indirect reflection of the coupling between the CO 2 growth rate and tropical precipitation anomalies, which indeed is found to be weaker and less consistent. Instead, analyses of process-based global vegetation models indicate that this strong temperature-CO 2 coupling is best explained by the additive responses of tropical terrestrial respiration and primary production to temperature variations, which reinforce each other in enhancing temperature's control on tropical NEE. Although this explanation inherits the uncertainties associated with the current estimates of global carbon fluxes and needs to be further verified, we emphasize that the coupling itself, along with other observational constraints, must be reproduced by vegetation (or other related) models to realistically simulate the current status of the global carbon cycle and project its future changes.
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